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OBJECTIVE: To develop and validate a model estimating the
survival time of hospitalized persons aged 80 years and older.

DESIGN: A prospective cohort study wicth mortality
follow-up using the National Death Index.

SETTING: Four teaching hospitals in the US,

PARTICIPANTS: Hospitalized patients enrolled between
January 1993 and November 1994 in the Hospitalized El-
derly Longitudinal Project (HELP). Patients were excluded if
their length of hospital stay was 48 hours or less or if
admitted electively for planned surgery.

MEASUREMENTS: A log-normal model of survival time up
to 711 days was developed with the following variables:
patient demographics, disease category, nursing home resi-
dence, severity of physiologic imbalance, chart documenta-
tion of weight loss, current quality of life, exercise capacity,
and functional status. We assessed whether model accuracy
could be improved by including symptoms of depression or
history of recent fall, serum albumin, physician’s subjective
estimate of prognosis, and physician and patient preferences
for general approach to care.

RESULTS: A total of 1266 patients were enrolled over a
10-month period, (median age 84.9, 61% female, 68% with
one or more dependency), and 505 (40%) died during an
average follow-up of more than 2 years. Important prognos-
tic factors included the Acute Physiology Score of APACHE
Il collected on the third hospital day, modified Glasgow
coma score, major diagnosis (ICU caregories together, con-
gestive heart failure, cancer, orthopedic, and all other), age,
activities of daily living, exercise capacity, chart documenta-
tion of weight loss, and global quality of life. The Somers’
Dixy for a model including these factors was (.48 (equivalent
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to a receiver-operator curve (ROC) area of 0.74, suggesting
good discrimination). Bootstrap estimation indicated good
maodel validation (corrected Dxy of 0.46, ROC of 0.73), A
nomogram based on this log-normal model is presented 1o
facilitate calculation of median survival time and 10th and
90th percentile of survival time.

A count of geriatric syndromes or comorbidities did not add
explanatory power to the model, nor did the hospital of
patient recruitment, depression, or the patient preferences for
general approach to care. The physician’s perception of the
patient’s preferences and the physician’s subjective estimate
of the patient’s prognosis improved the estimate of survival
time significantly.

CONCLUSIONS: Accurate estimartion of length of life for
older hospitalized persons may be calculated using a limited
amount of clinical information available from the medical
chart plus a brief interview with the patient or surrogate. The
accuracy of this model can be improved by including mea-
sures of the physician’s perception of the patient’s preferences
for care and the physician’s subjective estimate of prognosis.
J Am Geriatr Soc 48:516-524, 2000,
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uring the past 3 decades, prognostic models have becn

developed for use as case mix adjusters, for risk adjust-
ment and quality assurance, and as decisional aids for sen-
ously ill patients.!”® With the exception of the SUPPORT
prognostic model, these models apply only to those hospital-
ized in an intensive care unit or estimate only short-term
mortality. The SUPPORT prognostic model examined hospi-
talized seriously ill patients with one of nine high mortality
illnesses. Rather than analyze hospital survival or short-term
mortality, the SUPPORT prognostic model evaluated sur-
vival time up to 180 days. Several studies developed prognos-
tic models of survival specifically for older persons.”~ These
studies are limited either by the small number of variables
they tested or their limited generalizability. i

Our previous research'® and that of others'®'* sug-
gests that healthcare providers weight age as an important
factor in decisions about the use of life-sustaining treatment
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and the level of resource utilization for older persons, These
findings are difficult to reconcile with research showing that
age explains only a small portion of the likelihood that a
patient will die.™ Physicians may be overly pessimistic about
the survival probability of older patients. Improved estimates
of survival may encourage decision-making based on physi-
ologic rather than chronologic age and reduce age-related
differences in treatment decisions. Prognostic models may
have even more important practical applications for older
persons themselves. Either for viatical policies (i.e., conver-
sion of person’s life insurance at a reduced rate depending on
the parients’ longevity, with the buyer cashing the life insur-
ance palicy in when the person dies)'*'® or for planning for
their needs in old age, older persons may find it helpful to
have prognostic information that calculates median survival
time accurately.

In this report, we examine whether an accurate prognos-
tic model can be developed using the minimal amount of
clinically relevant data collected at the time of hospital ad-
mission for those aged 80 years and older. Additionally, we
examine the degree to which the model’s accuracy may be
improved by the addition of variables that would require a
more extensive interview with a patient or surrogate. In this
latter exploratory analysis, we examine the association of
depression, patient preferences for aggressiveness of treat-
ment, physician’s report of patient’s preferences, and physi-
cian prognostic estimates with patient longevity.

METHODS
Study Population

Subjects were participants in HELP, the Hospitalized
Elderly Longitudinal Project, a multicenter study of ourcomes
and decision-making for hospitalized adults aged 80 years or
older

HELP enrolled patients admitted to the hospital who
were aged 80 or older. Patients were excluded if they did not
speak English or were foreign nationals admitted for a spe-
cific medical procedure; had AIDS or multiple trauma; were
admitted for hospice care, to psychiatry, or for elective sur-
gery; were admitted to a hospital ward after transfer from
another hospital; died or were discharged within 72 hours of
hospitalization; or were scheduled for discharge within 48
hours of admission.

Enrollment took place between January 1993 and No-
vember 1994 at Beth Israel Hospital, Boston, MA; Metro-
Health Medical Center, Cleveland, OH; Marshfield Clinic/St.
Joseph’s Hospital, Marshfield, WI; and the University of
California, Los Angeles Medical Center, Los Angeles, CA.
Institutions with a larger volume of older admissions were
randomly sampled so that an approximately equal number of
persons were enrolled at each site. All patients had complete
follow-up to 1 year by monthly phone calls, and we per-
formed National Death Index matches, which allowed us a
total maximum follow-up of 711 days.

Data Collection

Data was collected darta by prospective review of the
medical record and an interview with the patient and the
surrogate (defined as the person who would make decisions if
the patient was unable to do so). All variables considered for
the prognostic model were prespecified, with the primary
goal assessing the accuracy of a model that relied on a limited

amount of clinical information from the medical record and
an interview with the patient or surrogate. We used dara
obtained from a surrogate only if the patient was unable to be
interviewed. Our secondary goal was to assess whether the
accuracy of the model could be improved by including addi-
tional information from a lengthier patient (or surrogate)
interview,

We gathered dara from the medical record regarding
reasons for admission, patient age, sex, other medical condi-
tions, and acute physiologic and neurologic status as mea-
sured by the Acute Physiology Score of APACHE 111! mea-
sured on the third day after study entry. We used an
adaptation of the 14 geriatric conditions created by Wino-
grad and colleagues'” ro abstract information relating to
hearing impairment, vision impairment, confusion or disori-
entation, and history of depression, being bedridden or on
prolonged bed rest, hip fracture or replacement, appetite
change, social problems, documentation of frailty or becom-
ing frail, urinary incontinence, fecal incontinence, a fall at
home wirhin the last 3 months, and unintended weight loss.

The charr abstractor wrote verbarim the stated reason
for admission, usually based on the physician orders or the
initial admission history and physical exam. These reasons
were classified into broad diagnostic categories (e.g., ortho-
pedic, cardiovascular, respiratory, geriatric syndromes, neu-
rological, or cancer) by one of the authors (AG). For those
patients who enrolled with a disease severity and conditions
qualifying them for SUPPORT, we used their SUPPORT
disease category. Based on apparent differences in survival by
disease, we collapsed the broad categories into the five fol-
lowing categories: (1) congestive heart failure; (2) cancer
diagnoses, (3) orthopedic diagnoses, (4) qualifying for SUP-
PORT with acute respiratory failure, multiple organ system
failure, or nontraumatic coma; and (5) all other diagnoses.
The SUPPORT diagnoses of acute respiratory failure and
multiple organ system failure required that patients be hos-
pitalized in an intensive care unit. For coma, SUPPORT
required a Glasgow Coma Score of 9 or greater and survival
for at least 48 hours in the hospital.

Interviews with the patient and surrogate were con-
ducted in the first week of hospiralization (median 3 days;
25th to 75th percentile range of 3 to 5). Both patient and
surrogate reported on patient activities of daily living (ADL)
performance 2 weeks before hospital admission, the patient’s
physiological reserve as measured by a revised version of the
Duke Activity Status Index,'® and self-rated quality of life.
ADLs were assessed using a modified version of the Katz
Acrivities of Daily Living," with questions indicating depen-
dence on assistance for the following basic functions: eating,
continence, toileting, transferring, bathing, dressing, and
walking. The index was scored on a 0 to 7 scale, with a higher
score indicating more dependencies. The Duke Activity Sta-
tus Index is a patient-reported measure of ability to perform
a number of personal, household, and recreational acrivities,
each of which is associated with known metabolic costs, in
order to assess cardiovascular capacity. For this study, the
item on sexual funcrion was deleted, and three items about
yard work, moderate recreation, and strenuous recreation
were combined into a single item.® The Duke Activity Status
Index was scored so that a higher score indicated greater
metabolic capacity. Quality of life was assessed using a
3-point scale ranging from poor to excellent, with a higher
score indicating berter quality of life.
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To assess whether the accuracy of the model could be
improved by including additional variables, we examined
measures of depression (the Profile of Mood State sub-
scale®!), perceived social support,?? history of recent falls,
body mass index, and poor vision. Perceived social support
was defined by a series of questions that ask the respondent to
state the likelihood (choosing from “not-at-all” to “very
likely”) that there would be someone to provide help with
transportation, help with personal care, or other assistance.
These variables were specified a priori and based on a review
of the literature,

We also examined the association between survival time
and patient and physician preferences for general approach
to care. Assessment of whether the patient desired an ap-
proach to care that focused on extending life or on patient
comfort was assessed with the following interview quesrion:

If you had to make a choice at this time, would you
prefer a course of treatment that focuses on extending life as
much as possible, even if it means baving more pain and
discomfort, or would you want a plan of care that focuses on
relieving pain and discomfort as nuch as possible, even if that
means not living as long?

Surrogate and physicians answered a similarly worded
question. In addirion, we examined whether the physicians’
prognostic estimate for survival predicted survival. For prog-
nosis, physicians were asked to rate the probability thar the
patient would still be alive 2 months following srudy and
enrollment. The physician interview questions were asked
between days 2 and 6, following study enrollment.

Handling of Missing Data

Interview data were not available for every patient, and,
therefore, to avoid discarding too much information and
resultant biases, we developed a substitution and impuration
strategy for missing values of independent variables. We gave
priority to patient rather than surrogate responses abour
functioning and quality of life. When the patient response
was missing, we substituted a calibrated surrogare response.
Based on the subset of cases for which both patient and
SUITOEAtE FESPOnses Were present, SUrrOgate responses were
calibrated to achieve a similar distribution to that of patient
scores.”” When neither patient nor surrogate response was
available, an imputation strategy was used. Ordinal logistic
regression models containing age, SUPPORT Physiology
Score at Day 3, diagnosis, number of additional diagnoses,
cancer diagnosis, site, interview status, and length of time in
hospital before study entry were used to predict surrogate-
reported Activities of Daily Living, quality of life, and Duke
Activity Status Index. Surrogate responses were estimated
instead of patient responses because surrogate responses were
available for a broader range of situations. The estimated
surrogate responses were then calibrated to the patient distri-
bution in the same way that actual surrogate responses were
calibrated, and then substituted for the patient response.

Analysis

Development of Predictive Model

Selection of potential predictor variables was based on
review of the literature and clinical experience. All variables
were specified a priori. We had three specific analytic goals.
First, we aimed to examine the accuracy (as measured by
discrimination and calibrarion) of a model that relied on

information from the medical record and a brief interview
with the patient or surrogate. This interview would include
informartion from the patient or surrogate about the patients’
perceived quality of life and functioning. Second, we con-
ducted exploratory analyses to examine whether the predic-
tive accuracy of this model would be improved by the inclu-
sion of additional interview information. We tested whether
measures of depression, social support, body mass index,
difficulty with vision, and history of fall in the last 3 months
predicred survival, Finally, we examined whether the inclu-
sion of patient and physician preferences for approach to care
affected long-term survival time.

We determined the optimal survival model by examining
which model best fit the survival distribution. First we as-
sessed whether the Cox™ proportional hazard model was an
adequate fit to the data and found that the proportional
hazards assumptions were not met, because the imporrance
of physiologic variables waned with time. We assessed the fit
of the log-logistic, log-normal, and accelerated failure time
parametric survival models by examining (1) the parallelism
and linearity of the logit or probit transformed Kaplan-Meier
survival estimates stratified by important prognostic factors
plotted against log of follow-up of time and (2) the Kaplan-
Meier distribution of the residuals from the model to check
for logistic or normal distribution. We found that the log-
normal model had the best fit and employed this survival
madel in our remaining analyses.

This model facilitated prediction of median survival
time, which is the anti-log of the weighted linear combination
of the independent variables. To depict the variahility of
individual survival times, we present the quartiles of the
log-normal distribution. For example, the 10th and the 90th
percentiles of the distribution specify an 80% predicrion
interval for an individual patient's survival time. That is, the
median survival time may be 6 months, with 10th and 90th
percentile being 3 and 18 months. The model’s best estimare
may be that the patient will survive 6 months. However, 80%
of the patients with characteristics similar ro those of this
patient would die between 3 and 18 months,

We constructed three models. The first model predicts
survival time with the inclusion of chart-based information,
ADL, DASL, and self-rated quality of life, The second model
included further informarion that would necessitate a longer
interview with the patient. The third model examined the
potential influence of patient and physician preferences an
survival time, In constructing each of these models, we al-
lowed continuous variables (age, coma score, APS, albumin,
ADL, and DASI) to have nonlinear relationships with sur-
vival rime by incorporating restricred cubic spline functions
(i.e., piece-wise cubic polynomials).®?

Evaluation of the Model

The accuracy of the model was assessed with measures of
discrimination and calibration. Predictive discrimination
{i.e., the ability of predictive model to separate those who die
early from those who die late) was assessed using the Somers’
Drxy rank correlation coefficient. This measure quantifies the
association between predicted and ohserved survival time.
Somers’ Dixy is the probability of concordance minus the
probability of discordance between predicted outcomes and
observed outcomes for all possible pairs of patients with
different predicted probabilities of whom the ordering of
survival time could be inferred. A model with perfect ability

I'=
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to separate high and low risk patients would have a Somers’
Dixy of 1.0. Calibration is a second measure of the model’s
accuracy. A calibration curve plots the relationship between
the predicted survival time and acrual survival ime. Finally,
we validated the final model using the bootstrap methed,
which estimates a correction for overfitting or “optimism” in
the model fit to derive estimares of predictive accuracy that
would be obtained in a new sample of similar patients.**
With this method, the model is reestimated in 150 random
samples from the original population and tested against the
original sample. All compurtations were done using 5-PLUS
4.5 (MarthSoft, Inc., Seartle, WA) on the UNIX and Microsoft
Windows systems using the Design library of 5-PLUS biosta-
tistical modeling funcrions.*®

RESULTS
Study Population

During the enrollment period, 1266 patients (median age
84.8, 63% female) were enrolled in HELP. (Table 1) Most of
the patients had one or more ADL dependencies. In the year
following the index hospital admission, 505 patients died,
with the majoriry of the deaths occurring after the patient was
discharged from the enrollment hospitalization. Figure 1
depicts the survival experience to the maximum follow-up of
711 days. As shown in Figure 1, those older persons enrolled
in a SUPPORT category of acute respiratory failure, multior-
gan system failure or nontraumatic coma had a shorter sur-

vival ime than those with congestive heart failure, an ortho-
pedic condition, or other diagnoses.

Prognostic Model: Development and Validation

The association of independent variables included in the
chart with limited interview variables (functional status and
perceived quality of life) are shown in Figure 2, which shows
the adjusted survival time ratio (the ratio of median predicred
survival times after adjustment for other factors in the model)
with 95% confidence intervals. A survival time ratio less than
1.0 indicates a reduced survival time (or increased risk of
death). Those persons with functional impairment, as indi-
cated by lower DASI scores or a higher number of ADL
impairments, had a shortened survival time. Those with
greater disease severity, as measured by APACHE 111, had a
reduced survival time. Persons who lost weight had nearly
one-half the median survival time of those who had not lost
weight. Both the count of the number of geriatric conditions
or the site of recruitment were not independent predictors of
survival and were dropped from subsequent analyses.

The univariate association of disease categories with
survival persisted after adjustment; those with an orthopedic
diagnosis lived twice as long as persons in other chronic
disease categories. Age was associated with survival time.
However, age did not have the same explanatory power as
the person’s disease severity, diagnosis, functional status, and
modified Glasgow coma score, as shown in Figure 3 and as

Table 1. Description of the Study Population (n = 1266)

Demographics

Sex (% fermale)

Median age (25th, 75th percentils)
Functional status and quality of life

Median Activities of daily living (25th, 75th percentila)

63%
84.9 (82.3, 88.6)

1.05 (484, 2.8)

Median Duke Activity Status Index (25th, 75th percentile)

Cruality of life
Excellent
Very Good
Good
Fair/poor

Clinical data

Diseasa class

ARFMMOSF/Coma
CHF
Cancer
‘Orthopedic
All others

Median Acute Physiology Score (25th, 75th percentile) excluding coma score

Glasgow Coma Score
<10

10

11

12

13

14

15
Median albumin {25th, 75th percentile)
Unintended weight loss®

6% (72)

8% (100)
27% (341)
59% (753)

4% (46)
9% (118)
25% (321)
9% (118)
529 (663)
22 (16, 30)

2% (27)
0% (2)
1% (15)
2% (22)
2% (26)

26% (324)

67% (849)

3.5/3.5/3.5

49% (507)

* Weighe loss, dara were available for 1028 partients.
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Figure 1. Survival Curve: Depicted is the Kaplan-Meier curve of the major disease categories. As shown, those patients enrolled in both
the HELP and SUPPORT project with serious acute illness have a markedly different survival trajectory.

reflected by the chi-square minus the degrees of freedom for  The bootstrap adjusted Dxy estimate was (.46, indicating

each variable,

very good validation. The bootstrap bias-corrected calibra-

We examined the accuracy of the model with measures  tion curve is shown in Figure 4. Perfect calibration would be
of discrimination and calibration. The model had a Somers®  indicated by a 45 degree line. For all ranges of estimates, the
Dxy of 0.48. The model was validared using bootstrapping. model prediction of survival shows adequate calibration,
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Figure 2. Survival time ratios of variables included in the final model: Estimated survival time ratios for each predictor, with 0.55
confidence limits. For continuous predicrors, median survival time when the predictor is set to its 75th percentile is divided by the
median survival time when the predictor equals its 25th percentile. These percentiles are rounded to the nearest whole number, and
their values are listed to the right of the variable names. For weight loss, the ratio is that for patients losing weight compare with those
not losing weight in the previous 2 weeks. For disease classes, all rarios have the median survival time for the “all others™ category in
the denominator. (APS = Acute Physiclogy Score of Apache 3 228 | ADL = Activities of Daily Living, ARF = Acute Respiratory
Failure, MOSF = Multiple Organ System Failure, CHF = Congestive Heart Failure).
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Figure 3. Importance of prognostic variables: For each predictor, the total chi-square explained by that predictor was compured. The
degrees of freedom for each predicror was subtracted from the chi-square value to place the predictors on an equal footing. The
chi-square minus the degrees of freedom is expect to be zero when the predictor has no association with survival time.

Effect of Additional Interview-Based Measures on Survival

Depression was not an independent predictor of mortal-
ity (P = .60). Similarly, body mass index (P = .10), vision
impairment (P = .17}, fall within the last 3 months (P = .10),
and social support (P = .25) were not independent predictors
of mortality. Albumin did predict survival (P = .001), but the
value was missing in 700 cases of 1266 patients (56%) and
was not included in the model.

Physician perception of patients’ preferences for ap-
proach to care did predicr survival, whereas patients’ actual
preferences did not. When the physician believed thar pa-
tients wanted comfort care, the patient’s survival time ratio
was (.44, indicating a marked shortening of survival time
195% CI, 0.30-0.65).

Physician subjective perception of patients’ likelihood of
2-month survival was available in 1023 patients. The physi-
cian subjective prognostic estimates improved the explana-
tory power of the model in this subset, increasing the Somers’
Dxy from 0.43 to 0.50. These results indicate that the most
accurate model would combine the chart and limited inter-
view dara with the physician estimate of survival. However,
because the physician subjective estimate of survival may be
confounded by physician preferences and treatment plan, our
final model urilizes the chart and limited patient interview
data only. A nomogram for predicting the median survival
time and 1-year survival time is shown in Figure 5.

To use the nomogram, the number of points associated
with each listed measure should be summed. The model
estimate for 1-year survival, median survival time in days,
and 10th and 90th percentile of survival time may be calcu-
lated. For example, an 85-year-old patient with Other disease
category, abnormal Glasgow Coma Score of 14, history of
weight loss, an APS score of 30, and 1 ADL impairment

would receive 25 + 0 + 7 + 43 + 18 + 16 = 102 points. One
would then draw a line to intersect with the 1-year survival
{62% 1-year survival rate), median survival time {about 24
months), 10th percentile (1 3/4 months), and 90th percentile
{greater than 84 months).

DISCUSSION

We found that survival may be predicted using data that
are easily available at the time of hospital admission, How-
ever, because this model was developed for persons hospital-
ized at only four teaching hospitals, an independent valida-
tion should be performed before widespread use. Our results
demonstrate that a limited amount of clinical information
ohtained by a chart review and a brief mterview has sufficient
explanatory power to predict long-term mortality accurately.
Furthermore, using a log-normal survival model facilitares
predicting median and other quintiles of survival time.

Prognostic models may be helpful in a number of circum-
stances, e.g., deciding who qualifies for access to healthcare
services such as hospice. Hospice entry generally requires a
life expectancy of less than 6 months, but defining who meets
this criterion is difficult. Lynn has proposed an insurance
benefit be targeted to persons with “life defining illness.”*”
Such an illness would convey an expected median survival
time of less than 2 years. Prognostic models that predict
survival time could provide important information by iden-
tifying persons who could be approached about enrolling in
this new insurance benefit. Furthermore, both the rates of
median survival and 90th percentile survival time provide
important information for the patient and health insurance
manager in financial planning. From the older person’s per-
spective, estimates of median survival could provide impor-
tant information about whether to take on a reverse mort-
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Figure 4. Calibration and bootstrap validation of the model: The data were stratified into groups containing approximately 150
patients each. For each group, the mean predicted 1-year survival probabiliry was computed (x-axis), as was the 1-year Kaplan-Meier
estimate (y-axis, depicted using circles). The 45-degree dotted line represents perfectly calibrated predictions. The difference between
the circles and the 45-degree line is typically underestimated due to overfitting the data. The bootstrap was used to estimate the bias
in this difference, and the bias was added to obtain overfitting-corrected estimates (shown with X) that estimate the likely accuracy of
predictions on new patients. The bootstrap validation penalized for the various predicrors thar were tried through the course of
developing the final model. This was done by including all of the candidate predictors in the model being validated, which causes an

increase in the variance of predicted values.

gage or sell their life insurance policy through a viatical
arrangement. The further development of prognostic models
could potentially benefit both parient and healthcare provid-
ers making medical decisions.

Similar ro other studies, we found that functional sta-
tus"** =3 is an important predictor of long-term mortality.
Our study demonstrates thar these associations persist after
adjustment for disease severity as measured by the APACHE
Il score. We found that acute disease severity was by far the
strongest predictor of mortality, Age was associated with
mortality, yet it was only a moderate predictor of mortality.
Quite surprisingly, we found that several measures, such as
depression and body mass index, were not independent pre-
dictors of survival after adjustment for disease severity and
functional status. Depression has been found to predict sur-
vival time in previous studies.®! However, these studies did
not adjust for the patient’s disease severity. Qur results indi-
cate that depression, as measured by the POMS depression
subscale, was not an independent predictor of mortality after
adjustment for disease severity and function. These results do
not mean that depression is not associated with mortality but
that the effect of depression on survival may be mediated by
functional status or other physiological responses adjusted
for by our disease severity measures.

History of weight loss was an independent predictor of
survival time, but body mass index as measured by patient or
family member self-report was not. This may reflect the
limited accuracy of self-report of weight. However, we have
reported that BMI as measured by self-report was associated
with survival in seriously ill patients enrolled in SUPPORT.*?

We also found that similar to previous research,* albumin
was an independent predictor of survival even after adjuse-
ment for disease severity and other factors. However, it was
missing in more than one-half of the sample and we did not
include it in the final model.

Of interest, we found that the physician’s perception of
patient preferences predicted survival time, but patient or
surrogate report of patient preferences did not correlate with
survival. Previously, we have reported that 6-month mortal-
ity was lower when both patient and physician preferred o
forgo resuscitation.™ These findings that only physician pref-
erences are associated with survival raise concern. It is possi-
ble that the physician may have additional knowledge about
the patient’s prognosis or that physicians” perceptions of
patients” preferences influence treatment in a manner that
affects survival time. Further work is needed ro understand
this association and its causal path.

Our study has several important limitations. Our study
population consisted of older persons at only four academic
medical institutions and may not be generalizable to patients
hospitalized at other institutions. Furthermore, our small
sample did not allow us to test adequately the impact of
diagnostic category in this population. Our previous work
among the seriously ill suggested that diagnostic category
may be an important determinant of 6-month survival time.
Missing data for variables such as albumin limited our ability
to include all facrors in our prognostic model. The complex-
ity of our model is increased by including the acute physial-
ogy score, yet this variable is relatively easy to calculate and
should be widely available.
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Figure 5. Nomogram for obtaining predictive 1- and 2-year survival probabilitics and 10th, 25th, 50th, 75th, and 90th percentiles of
survival time for individual patients. Disease classes arc abbreviated as follows: a = ARFIMOSF/Coma; b = all others; ¢ = CHF; d =
Cancer; e = Orthopedic. To use the nomogram, place a ruler vertically such that it touches the appropriate value on the axis for each
predictor. Read off where the ruler intersects the “Points™ axis at the top of the diagram. Do this for each predictor, making a listing
of the points. Add up all of these points and locate this value on the “Total Points™ axis with a vertical ruler. Follow the ruler down

to read off any of the predicted values of inrerest,

In summary, we found rhat a limited amounr of clinical
data and information from a brief interview can accurately
predict long-term mortality in older hospitalized patients.
These results should be validated in other hospitals before
widespread use. Our finding thatr physician perception of
patient’s preferences predict long-term survival whereas pa-
tient’s own preferences do not should be explored further.
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